This paper presents an efficient robot navigation model in a multi-target domain amidst static and dynamic workspace obstacles. The problem is that of developing an optimal algorithm to minimize the total travel time of a robot as it visits all target points within its task domain amidst unknown workspace obstacles and finally return to its initial position. In solving this problem, a classical algorithm was first developed to compute the optimal number of paths to be travelled by the robot amidst the network of paths. The principle of shortest distance between robot and targets was used to compute the target point visitation order amidst workspace obstacles. A hybrid modelling scheme premised on geometrical considerations was applied to determine the length of obstacles encountered by the robot. Also, a dynamic model premised on the collapse of the radiation cone was proposed and used to estimate the velocity of a dynamic obstacle along the robot's path.
Introduction
Robot vehicle path planning in a multi-target environment amidst workspace obstacles of varying geometrical configuration has recently gained the attention of researchers in the domain of autonomous robot navigation, trajectory development and path planning. This follows a wide range of application domain ranging from field through industrial and service robotics. Unlike the single target problem, the multi-target tracking has been identified to be a much difficult problem arising in many engineering as well as scientific applications especially when workspace obstacles are meant to pose additional navigation constraint in addition to the optimal path selection for robot navigation to all the targets and back to its initial position. In scenarios where the obstacle position and geometrical information are not provided priori to navigation, multi-target tracking in such environment becomes really difficult especially if the problem is to be solved in real-time. Of recent, different techniques have been developed by different researchers in addressing the multi-target tracking problem. The tracking problem consists of computing the best estimate of the target trajectories based on their distance measurement in relation to the impeding factors Maroulas and Stinis [1] .
Cai and Mostofi [2] worked on a collaborative human robot Traveling Salesman Problem (TSP), where a robot is tasked with site inspection and target classification. Optimal path selection, target identification and classification was used to provide basis for target value which is used in relation with multi-target tracks to determine an optimal path Borkowski and Vasquez [3] . In [4] , the problem of tracking multiple targets using a network of communicating robots and stationary sensors was addressed. Barfeh et al. [5] designed and implemented a real time system as an autonomous robot--camera to capture many targets in the scene. In their research, Dames et al. [6] generated a datadriven target model from a real-world dataset of taxi motions. While the detection and tracking of moving objects by filtering on matrix Lie groups within the context of the advanced driver assistance systems (ADAS) was addressed in Ćesić et al. [7] . Tokekar et al. [8] studied the problem of tracking mobile targets using a team of aerial robots. The goal was to plan for the trajectories of the robots in order to track the most number of targets, and accurately estimate the target locations using the images.
In their paper, Hwang et al. [9] discussed the problem of tracking and managing the identity of multiple targets in a cluttered environment and applied to passive radar tracking of aircraft. Jung and Sukhatme [10] proposed a generalized region-based approach to multi-target tracking which is applicable to structured and unstructured environments. Lau et al. [11] proposed an algorithm for autonomous search that minimizes the expected time for detecting multiple targets present in a known built environment. The proposed technique makes use of the probability distribution of the target(s) in the environment. Premebida and Nunes [12] , proposed a flexible multimodule architecture for a multi-target detection and tracking system (MTDTS) complemented with a Bayesian object classification layer based on finite Gaussian mixture models (GMM). Benavoli et al. [13] addressed how to efficiently exploit the Knowledge-Base (KB) such as environmental maps and characteristics of the targets, in order to gain improved performance in the tracking of multiple targets via measurements.
Rodningsby et al. [14] , developed a probabilistic model in a multi-target environment for solving problems arising from trailing the various targets. Emeliyanov and Rubinovich [15] , proposed new approach to constructing the algorithms intended to track multiple targets in an environment where false targets are present. The approach relies on a combination of the Reid multiple-hypotheses method and the information-set filtration. Ng et al. [16] , presented a simulation-based method for multi-target tracking and detection using sequential Monte Carlo or particle filtering methods. In their paper, Saad et al. [17] proposed a concept which focused on developing a team of mobile robots capable of learning via human interaction and subsequently capable of tracking multiple targets in an environment while Kondaxakis et al. [18] proposed the use of laser range scanner. Others include Vermaak et al. [19] and Hoseinnezhad et al. [20] . Zhou et al. [21] , on the other hand proposed a novel distributed algorithm based on local density of robots and targets to multi-target tracking.
This paper aims at developing an optimal robot vehicle navigation model in a multi-target domain amidst static and dynamic workspace obstacles. The robot is to identify the sequential order in which the different target points are to be visited and return back to its initial position at the shortest possible navigation time. The problem is that of total travel time minimization. Two major constraints towards achieving the time minimization objective includes the path length and obstacle state identification/avoidance especially when they are along the robot's line of sight.
Modelling Procedure

Navigation Environment / Assumptions
In this paper the navigation environment considered for the robot is an unknown environment in which the robot acquires basic obstacle information such as position and geometry through sensory inputs. Additional assumptions considered in this research includes: (i) all obstacle coordinates and geometry are automatically detected by the robot.
(ii) neither new targets nor obstacles can be added to the workspace once the robot is in motion.
(iii) robot has a prior knowledge of all the target locations 2.2 Computation of robot to target points distance (initial/static scenario)
Available Navigation paths
For TP N = Number of target points
[from robot's initial position to the last target]. Hence, the total number of navigation paths available for the robot in the multi-target network is given as:
Number of optimal paths to be travelled through by the robot and back to its initial position=
Robot to target points distance
This section presents a computational model to determine the distance between the robot and individual target points in the workspace prior to its navigation. This is aimed at identifying the target point closest to the robot as seen in network of nodes in Hence, ) )( (
robot's distance from initial position to all target points.
Compute target to target distance
This section is focused at establishing inter-target points optimal distance. Consider the following target points:
with number of target points represented as TP N . The total number of target to target paths available is given as:
Hence, interconnecting any two target points, can be represented using the following mappings as presented for the target points below:
Resulting in euclidean distances: ) )( (
Resulting in euclidean distances:
mappings. However, the distance between any two-paired target points is given as:
(  minimum is given as:
Compute cumulative travel distance for robot (dynamic scenario)
This section is focused at modelling an optimum cumulative travel distance for the robot as it visits all the target points and returns back to its initial position. 
In this case, the robot covers a distance ) (s between any two intervals at varying time however, the relative length of the radiation cone from the robot's position to the obstacle's is also used to detect the static behaviour of the obstacle. figure 3 ; then obstacle is considered to be static// 
Dynamic Obstacle
Optimum Multi-target Path tracking Algorithm amidst Workspace Obstacles
The modelling procedure herein is predicated on the interaction between the robot and obstacle vertices via the targets as presented in figure 5 . Once the robot establishes the presence of an obstacle along its path to a given target, the distance from the robot: to this target is established by a circumscribing length around the obstacle. This is given as the sum of the distance from the robot to the closest obstacle vertex and to the target which is represented in DRTO as expressed below Figure 5 : A multi-target network with obstacles in the loop.
Scanning of obstacle for closest vertex determination
This section presents a robot whose head (symmetrical front position) is aligned with the target point of interest ) ( j as shown in figure 6. This is followed by the scanning operation usually to both sides of the obstacle's edge directly opposite and visible to the robot. This is done to the left and right hand sides of the obstacle using the sensing radiation cone directly on the robot's head (recommended) for ease of measurement arising from effective contact between the robot and obstacle see figures 7 and 8. 
[length after orientation] [length after orientation: Elaborated]
) )( (
Similarly, from figure 8 where the orientation and scanning is towards the RHS, ) )( (
) )( ( 
Robot's Navigation to the closest vertex and target point
Assuming the vertex with length 2 obs l is closer to the robot between the two vertices as shown in figure 10 then an optimal navigation path for the robot towards the target point can be modelled as follows: Firstly, compute a minimum approachable distance ) ( d A between the robot and the obstacle along the sensing path 0 l as: 
Dynamic Obstacle Rules
Discussion of Result
Assuming a network of interacting target points, obstacles and robot as presented in figure 5 are being considered for a demonstration of the procedural model presented in section 4.3, a tabular descriptive representation as shown in table 1 can be used to display a controlled simulation process of some autonomous actions to be taken by the robot. After a duration of one second, obstacle 1 had travelled to a point in the workspace that is only 1m from the robot with an orientation of 0 ( o C) degrees i.e. along the robot's travel path. It was also moving in a downward direction towards the robot. Obstacle 2 was simultaneously at a distance of 1.5m from the robot with an orientation of about 90 ( o C) degrees relative to the robot's line of sight in the direction of target 1. Obstacle 2 was seen to be moving both leftwards and downwards towards the robot. Similarly, obstacle 3 at a position of about 3m from the robot has an orientation of about 30 ( o C) degrees relative to the robot's line of sight. Obstacle 3 is also seen to be moving leftward and downward towards the robot. Based on these and other dynamic features of the obstacles, the robot is prompted to react in terms of its preparedness for obstacle avoidance, recomputation for closest target point, sensing of obstacles speed, decision on minimum distance prompting based on its distance from the obstacles.
Conclusion
In this paper we have presented robot vehicle Table 1 Legend: T=time; R(i)=robot; Obs(i)=obstacle; RoD=Robot_Obs Distance; OMLTR=Obs moving left_wards towards robot; OMRTR= Obs moving right_wards towards robot; OMDTR=Obs moving down_wards towards robot;
OMUTR=Obstacle moving up_wards towards robot; Rem=Remark navigation model in a multi-target environment amidst static and dynamic workspace obstacles. The model development has focused on both static and dynamic obstacles in a completely unknown navigation environment. In reality, this scenario plays out in several human systems ranging from domestic environment where a robot can be co-opted to assist in performing some basic navigation related tasks to industrial sectors and outdoor functions amongst others.
